Abstract-In this paper, the application of signal processing for the analysis of discretely sampled road profile data of sealed bituminous (or flexible) pavements is considered. Firstly, road profile data is modelled as a function of time. Then power spectrum density (PSD) analysis is briefly introduced as a tool for estimating the distribution of energy of various wavebands embedded in the road elevation. It is shown that this analysis can be used to discriminate the deterioration modes in pavement structure by identifying features that contribute to the roughness. Moreover, wavelet analysis has been introduced as an alternative signal processing method for road profile analysis. It not only verifies road roughness features, but it is also able to locate high frequency defects such as cracks and potholes. Two experimental low traffic volume highway sections of 100 m in length (one smooth and one rough) are selected to examine PSD and wavelet analysis. Results show that wavelet based road profile analysis can be used as a better diagnostic tool than PSD for multiresolution analysis and measurement of pavement roughness.
INTRODUCTION
Characterizing road profiles in terms of roughness as an indication of road users' comfort and safety has been of interest to the road authorities for years. Early attempts at road roughness assessment were based on the judgment of ride quality by a panel of experts riding over the road on a test vehicle [1] [2] [3] . This was followed by a technique using the measurement of the accumulated vertical travel of an axle of a vehicle travelling over a fixed distance [4] . The most common road roughness index that has been adapted by most road authorities around the world is called the International Roughness Index (IRI) [5] . This index is found from the response of a computer generated 'quarter-car model' vehicle which travels across pavement profile. IRI is calculated by dividing the sum of the absolute values of the vertical suspension deflection by the travelled distance. Typically, IRI is used as a guide to the road performance at the network level [6] . At the project level, notice is taken of user assessment and observation of condition, since the IRI is not seen as sufficiently discriminatory at this level.
Due to the fast growth in laser measurement technology, road profile data acquisition equipment has advanced significantly. Accurate dense elevation data can now be produced at relatively high speed and a reasonable price. As a result, production of an automated and accurate spatial model of pavement network is emerging as one of the viable applications of such data. Such a model facilitates automatic evaluation of pavement performance at both network and project level. Availability of accurate pavement spatial data leads to the use of new numerical methods of roughness measurement which can be more detailed and accurate as they are independent from users' perception or vehicle characteristics.
The aim of this paper is to use longitudinal profile data obtained by accurate laser profilometer measurements to investigate how signal processing methods such as power spectrum density (PSD) analysis and wavelet transform (WT) can be used as numerical tools to analytically characterize road profiles. The main emphasis is an application of discrete wavelet transform (DWT) in road roughness analysis. In Section II, interpretation of the longitudinal profile as a signal is described and the embedment of information in such data is examined. Section III explains the usage of signal processing for pavement data analysis. The results of the experiments on wavelet analysis of selected flexible highway profile sections are presented in Section IV. Section V concludes the paper.
II. DESCRIPTION OF ROAD PROFILE AS SIGNAL
Although the theory of signal processing was originally developed for electrical signals, it is now widely used in many other area of engineering such as acoustics, biomedical engineering, image analysis and most recently road profile analysis. Similar to the sound, light, voltage and current, the uneven surface of a pavement is also considered as a signal to a profilometer. In this case, a road profile signal can be considered as a collection of waves with different wavebands. While applications such as sound and image that can be expressed as a function of time in their original format are easier to analyze, signal processing of pavement profile as a function of distance is more challenging. In order to analyze such a signal with a signal processing approach, the spatial pavement signal (which is originally a function of distance) is modeled as a function of time. To this purpose, assume x(l) is road profile data which is a discrete function of displacement measured by a profilometer at a very small sampling rate. Also assume that the first measurement x(l 1 ) happened at t 1 and similarly the n th measurement happened at t n . Due to the fact that there is only one record of distance at a time (meaning that l(t)), road profile data x(l(t)) can be simply considered as function of time, x(t). This assumption is true for elevation data that can be captured by state-of-the-art laser profilometers point-by-point and at a very high frequency. In this case, the time difference between each elevation data (and so as distance sampling interval) is directly related to the frequency of profilometer and speed of the data acquisition vehicle. So, in the context of road roughness signal processing, time domain can be implicitly considered as distance domain and vice versa. In the road roughness context, an ideal road profile data has a flat shape with no irregularity or unevenness. Any significant deviation from that shape is usually considered to be road roughness caused by a road defects such as potholes, cracks, deformation or surface texture deficiencies. The time representation of the road profile signal, however, cannot readily present the information related to the periodic irregularities embedded in this signal. In order to obtain the distinct information hidden in the frequency content of the data, a transform-base signal processing is needed to break the profile signal into its frequency components (frequency spectrum) and hence to find the strength and weakness of the individual wavebands embedded in the data. It is necessary to note that frequency as an electrical signal is measured in cycle/second or commonly named as "Hertz" but a road profile signal can be more appropriately measured in cycle/meter as there is a one-to-one relationship between time and distance in a longitude function.
There are different methods of time-frequency transform available in the literature such as Wigner distribution [7] , Hilbert transform [8] , Fourier transform and short time Fourier transform [8] and [9] . Every transform technique has its advantages and limitations with a specific area of application. Among the transform methods, the Fourier transform is the most popular method to analyze a time signal for its frequency content. Wavelet analysis is a relatively new method that is strongly linked to the Fourier transform. Fourier transform is a two-sided transform that allows the signal to be represented in either time or frequency domain. This makes the Fourier transform a suitable choice for applications with stationary signal. A stationary signal is defined as a quality of a signal in which the statistical parameters (mean and standard deviation) of the signal do not change with time [10] . As a result, it is not necessary to have both frequency and time information simultaneously for such a signal as frequency contents of the signal do not change in time. Fourier transform can be used to analyze non-stationary signals where only the frequency components are needed, without referencing to the time of occurrence. Recent statistical analysis on the properties of road profile data proved that this data is a highly non-stationary and a non-Gaussian signal that contains transients [11] , [12] and [13] . Transients or road irregularities are hard to locate when profile data are analyzed in a time domain itself. In the following section the road profile features, such as interpretation of wavelengths expressed as frequency contents and type of irregularities are explained in more detail.
A. Profile Features
A road profile signal consists of a range of wavelengths, varying from fractions of millimetres to hundreds of meters. The road roughness usually covers the wavelength range of 0.1 m to 100 m. The long wavelengths are normally caused by environmental processes as a result of pavement layer properties including poor drainage, swelling soils, and other influences such as climate change and growth of vegetation in the shoulder of highways. The short wavelengths or irregularities relate to structural; performance of the pavement and are often caused by localized pavement distresses including potholes, cracks, deformation and texture deficiencies. In order to analyze and characterize of such data, it is necessary to decompose the profile signal into a range of wavelengths to extract different types of features.
In the next section two signal processing tools are examined which can be used to divide road profile signal into its components. One of them can also be used to simultaneously locate the pavement section irregularities.
III. SIGNAL ANALYSIS OF ROAD PROFILE DATA
In the following subsections, first the usage of PSD analysis as a measure of road roughness is briefly explained and then discrete wavelet transform is introduced as a better approach over Fourier transform for pavement roughness measurement.
A. PSD Analysis
Power Spectral Density (PSD) analysis is a method available for evaluating the distribution of roughness type in a pavement. It uses Fourier transform to analyze the road profile as a series of wavebands [14] and [15] .
The international standard on mechanical vibrations from road surface profiles (ISO 8608:1995) suggests that the roughness or smoothness of a road pavement could be ranked based on the Fourier analysis of profile measurement. To this purpose, ISO 8608 can be used as a template to categorize road profile data into a range of smooth to very rough roads. In this method, displacement PSD verses spatial frequency of its longitudinal profile is calculated and plotted on a log-log scale. Then, linear regression is used to fit a straight line to the plot and the resulting line compares with the ISO 8608 template to obtain the closest ranking of the road roughness. Fig. 2 shows a plot of elevation data and the distribution of roughness via a PSD of slope verses wavelength for two selected rough (IRI = 4.17 m/Km) and smooth (IRI = 1.36 m/Km) profile sections (of 100 m in length). The plot of PSD shows that profile data with the smallest IRI (meaning smoother road which is illustrated in red) has smaller amplitude, however the smoother road has some irregularities in short wavebands (λ = 0.1 to 0.3m). As illustrated in this figure, due to the fact that the PSD is not always a straight line, more information can be obtained by the displacement PSD (or the RMS displacement) in the different octave bands. This would make it possible to classify a road for every octave band in an appropriate class, thus providing a better insight into the most appropriate maintenance strategy to be employed.
To highlight the importance of analyzing a road pavement for separate wavebands, it was reported by Mann et al. [14] that two pavements of near identical IRI values could possess quite different roughness distributions. Therefore, it would be expected that both of these pavements are deteriorating differently, and hence must be evaluated differently for maintenance purposes. Overall, increased roughness in the longer wavelengths was expected to be due to deep seated movements within the pavement subgrade, whereas increased roughness in the shorter wavelengths was expected to be due to seal deterioration and strength issues in the upper base materials (i.e. potholing). 
B. Wavelet Analysis
Wavelet analysis is a powerful tool for numerical analysis of non-stationary signals [16] (e.g. longitudinal road profile data) in both time (distance) and frequency (wave number) domain simultaneously at multiple resolutions. It calculates the correlation between the signal and a wavelet function. The similarity between the signal and the wavelet function is computed separately for different wavebands, resulting in a two dimensional representation. A wavelet function is a small wave, designed to discriminate between different frequencies while the following mathematical criteria are satisfied [17] : (a) A wavelet must have finite energy, (b) the wavelet energy is the integrated squared amplitude of the wavelet function, (c) the Fourier transform of the wavelet function has to have nonzero frequency component (this condition implies that the mean of the wavelet function should be equal to zero); and for complex wavelets, the Fourier Transform must be real and vanish for negative frequencies. In general, the wavelet transform is an improvement on the Short Time Fourier Transform (STFT) to provide a time-frequency representation of a signal. In the context of road roughness analysis, wavelet transform represents distance-wave number of the elevation (longitudinal) signal to extract useful information from road profile data. Wavelet analysis can be performed in two ways: continuous wavelet transform (CWT) and discrete wavelet transform (DWT). By definition, the continuous wavelet transform is a convolution of the input signal with a set of wavelets generated from the wavelet function called 'mother wavelet'. Continuous wavelet function Ψ(t) is defined by [17] :
The continuous wavelet transform (CWT) is then defined as:
where x(t) is a continuous integrable signal. The CWT performs a multi-resolution analysis by scaling (contraction (0<a<1) and dilatation (a>1)) of the wavelet function while moving over the signal by time step b Є R (translation). The discrete wavelet transform (DWT) is defined as:
where Ψ is wavelet base and x is the original signal. On the other hand, the DWT uses multi-resolution filter banks and special wavelet filters for analysis and synthesis of the original signal. To simplify DWT, a can be assigned equal to two to compute data points on a dyadic grid. The dyadic grid has half of the number of data points at each consecutive lower octave. This assumption limits the application of DWT to the signals without frame synchronous data such as data of Hidden Markov Models. To overcome this limitation and to be able to compute CWT using computers, discretised/sampled CWT is introduced which is sampling the time-scale plane (SCWT). It is necessary to note that the discretised version of CWT is not equal to DWT as it uses discretised versions of scale and dilatation axes to split the signal instead of filter banks in DWT. The SCWT is defined as:
If a = 2, wavelets will be an octave space apart. In this paper, DWT has been chosen to use for wavelet analysis of road profile data because it is easy to implement and reduces the computation time and resources required for wavelet transform. As mentioned above, in the case of DWT, a filter bank containing filters to decompose signal into frequency bands is used. An example of a multi-resolution three-level filter bank is shown in Fig. 3 . The low-pass (L) and high-pass (H) filter separate the frequency content of the profile signal x(n) into smaller frequency. In order to avoid redundancy, the signal needs to down-sampled after each filter level without loss of information. In the first level, the coefficients d 1 (n) (detailed component) and a 1 (n) (coarse component) are the highest and lowest half of the frequencies in x(n). Then, they are downsampled to double the frequency resolution. In turn, the time resolution is halved as every half of the samples are presented in d 1 (n) and a 1 (n). In the second level of signal decomposition, a 1 (n) of the first level again filtered through the low and high pass filter and down-sampled. After each level, the output of the high-pass filter represents the highest frequency (herewave number) content of the low-pass filter of the previous level, this leads to a pass-band. The decomposition process for L level is mathematically described as (5) and (6): 6) where j indicates the level of decomposition, N is number of data points, x is elevation signal, h is low-pass filter; and g is high-pass filter. After decomposition, the elevation signal x(n) can be expressed as:
Note that the wavelet filters are designed specifically for DWT based on the continuous mother wavelets which are supported and characterized by low-pass and high-pass analysis. Some generally used filter families for DWT are Daubechies [18] , Coiflets [19] , Symlets [18] and Biorthogonals [20] . The quantitative parameter corresponds to each of the decomposed signal can be defined by its energy (E) calculated as [21, 22] :
where s is frequency sub-band signal, Δ is sampling interval of elevation profile data (approx. 50 mm for pavement sections analyzed in this study); an N is total number of data points.
Among the wavelet families, Daubechies wavelets are mathematically more tractable and well established among numerous applications. There exists a trade-off between the order of wavelets and computation time. Higher order wavelets are smoother and are better able to distinguish between the different frequencies, however they require more computation time. In this experiment, Daubechies wavelet of the order of nine (DB=9) with ten level of decomposition (L=10) to most satisfy the accuracy and computational cost of the analysis. Generally, L th order filter produces a delay of N samples [23] . As mentioned previously, DWT is computed on a dyadic grid (a = 2), hence the number of data points is half at each lower octave band. As a result, maximum level of decomposition (L) of a road profile data with N number of samples (/data points) can be calculated from 2 L ≤ N. Consequently, sub-band frequencies and wavelengths for approximation band (cA) and detail bands (cD l ) can be calculated by:
where f s is the sampling rate of the profile data. The profile data used for this study captured in samples of about 50 mm apart, so for a typical section of 100 m; there is about 2000 data points. As a result, maximum level of decomposition for such signal is L = 10.
In general, road roughness analysis with discrete wavelet transform is not only capable of separating long and short wavebands, but it is also able to find local road roughness features. Next section examines application of discrete wavelet transform on real road profile data to analyze road roughness.
IV. EXPERIMENTAL RESULTS AND ANALYSIS
In this section, the two experimental low volume highway profile sections used are presented in Fig. 2 . The sections are 100m in length and are samples of a smooth and rough section of road, both located in Victoria, Australia. Fig. 4 and 5 illustrate the result of wavelet decomposition on selected smooth and rough profiles and their raw profile data, respectively. The percentage of energy that each waveband contributes to the profile signal is calculated (EA 10 , ED 10 -ED 1 in the right side of each waveband). Comparison of smooth and rough profile analysis shows that, in the rough profile analysis, the contribution of relative energy is more than the similar wavebands in smooth profile analysis. result can be concluded from PSD analysis presented in Fig. 2 . Observation of Fig. 4 shows that there is an irregularity existing at the first 10 m of the profile. This irregularity is diagnosed by the wavelet analysis as it appears in D4 to D7 which represents wavebands of 0.8 to 12.8 meters. Observation of Fig. 5 shows that two irregularities exist in about 37 and 68 m of rough profile data which are clearly diagnosed in D6 (waveband of range 3.3 and6.5 meters). The periodic trend of both profile data is located in D9 and D10, the longest waveband (range of 25 to 102 meters).
V. CONCLUSION
The main objective of this paper was to investigate application of signal processing in road roughness measurement and analysis. Two pilot sections of smooth and rough profile pavements from the state of Victoria were identified for inclusion in the study. Power spectral density analysis and discrete wavelet transform was chosen as analyzing tools. The following conclusions were drawn from this study:
• Road profile analysis with signal processing tools is advanced the conventional approach because it is independent the passengers' perception of ride and vehicle characteristics. tudy shows while these methods have a good correlation with the traditional method (some of them are well established, e.g. IRI) [6] , they provide more accurate analysis with more detail information about the pavement state.
• Although there is a strong link between both signal processing approaches, wavelet analysis outperforms PSD analysis. 
